In the face of the radical revolution of energy systems, there is a gradually held consensus regarding the adoption of distributed renewable energy resources, represented by Photovoltaic (PV) and wind generation. Consequently, the distributed Energy Storage Systems (ESSs) have become increasingly important in the distribution networks, as they provide the arbitrage and ancillary services. Determining the optimal installation site and the capacity of the distributed ESSs will defer the network reinforcements, reduce the investment of ESSs, and improve the reliability, flexibility, and efficiency of distribution grids. In order to investigate the optimal ESS configuration and to solve voltage fluctuations brought by the increased penetration of PV, in this study a two-stage heuristic planning strategy has been proposed, which considers both the economic operation and the lifetime of the distributed ESSs, to determine the optimal sitting and sizing of the ESSs, in the distribution grids. The first stage decides the optimal installation site and the economic scheduling of the ESSs, aiming to minimize the fabricating cost of the distributed ESSs and the network losses. Based on the output of the first stage, the second stage planning is further delivered to achieve the optimal ESS capacity, considering the Life-Cycle Cost (LCC) minimization. Finally, the feasibility and effectiveness of the proposed method is verified on a typical distribution case study network.
•
The technical and economic characteristics of the various categories of ESSs are analyzed and the most suitable type of ESSs for a distribution network's optimal optimization, is selected.
• The coupling effect between the sizing and sitting of the ESS are considered with a comprehensive LCC model, consequently, to achieve a distribution network optimization from the perspective of the whole project life with a minimum capacity and a limited infrastructure maintenance cost.
The two-stage heuristic optimization method utilizing GA combined with SA can achieve a good tradeoff among accuracy, convergence, and efficiency of optimization, and the SA can avoid the premature convergence of GA.
The proposed method is demonstrated on a case study network to prove the feasibility and effectiveness in the ESS cost-reduction and the system economic performance improvement. The remaining of this paper is structured as follows: Section 2 describes the ESS characteristics and type selection; Section 3 presents the ESS installation site and a capacity optimization model; in Section 4, the sitting and sizing optimization method is described in details; in Section 5, a case study is carried out to verify the effectiveness and the concluding remarks are outlined in Section 6.
ESS Type Selection
ESS has brought multiple attractive functions to a distribution network operation, such as alleviating the intermittence of DERs, improving the quality and reliability of the grid, meeting peak demand at extreme circumstances, providing time-varying energy management, and meeting the needs of charging and discharging of electric vehicles, etc. [13] . Reasonable allocation of ESSs can provide an effective replenishment and guarantee for multi-energy complementary and distributed energy comprehensive utilization.
ESS can be categorized into mechanical storage systems, including Pumped Hydroelectric Storage (PHS), Compressed Air Energy Storage (CAES), etc.; electrochemical storage systems, including lead-acid batteries and Lithium-ion (Li-ion) batteries etc.; electrical storage systems, including the supercapacitor and the Superconducting Magnetic Energy Storage (SMES) etc.; thermochemical storage systems, including solar fuels etc.; chemical storage systems including hydrogen storage, etc.; and thermal energy storage systems, including sensible heat storage, latent heat storage, etc. [14] . According to the characteristics of the charging and discharging time response, ESS can be categorized into power-type ESS and energy-type ESS. The former, such as a supercapacitor and flywheel energy storage, is suitable for short-term power fluctuation compensation, due to their fast response, long lifetime, and small capacity. Compared to the power-type ESSs, the energy-type storages, i.e., batteries, have large capacities which can be used for long-term power fluctuation compensation [15] . There are commonly used ESSs, such as PHS, flywheel energy storage, supercapacitor, and batteries. According to the authors of Reference [14] , the rated power of various PHS devices ranges from 1 MW to 3003 MW, with a cycle efficiency of about 70-85%, and a service life of more than 40 years. However, due to the limitation of site selection, the construction time of PHS power plants is long and the investment of funds is high. Flywheel energy storage has some advantages of high power density, high cycle efficiency, no depth-of-discharge effects, and easy maintenance, but its main disadvantage is a relatively high self-discharging rate, up to 20% of stored capacity per hour. Batteries can be widely used in different applications, such as power quality, energy management, and through power and transportation systems. The construction of battery system requires a relatively short time-period (roughly 12 months). The location of the installation can be very flexible, which can accommodate the building or be close to the required facilities. At present, a relatively low cycle-time and high maintenance costs are considered to be the main obstacles to the implementation of large-scale facilities. If toxic chemicals are used, disposal or recycling of waste batteries must be considered. Compared with batteries, supercapacitors have a higher power density and a shorter charging time. However, due to the high self-discharging losses, the capacity is limited, energy density is relatively low, and energy dissipation is fairly high.
Currently, lead-acid batteries have been recognized as the most economical and mature storage technology among the various types of ESSs. However, the environmental concern during manufacturing and recycling have impacts on the technology development. Li-ion batteries are gradually receiving attention from the industry because of its small size, high energy density, long life cycle, no memory effect and no pollution, low self-discharging, and a high comprehensive efficiency. Additionally, the cost of Li-ion batteries continues to drop due to technology development and material innovation [16] . Figure 1 shows the characteristics of different types of batteries, the Li-ion batteries, therefore, have been selected in this study from the perspective of economy, efficiency, and technology maturity.
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where, cost is the average annual cost of the ESS within a project planning period; P ESS,sum represents the power of ESSs in the distribution network; P ESS,i is the power output of a node with ESS; P DG , P S , P L , P loss are the active power of DG, the main grid, load, and loss, respectively; η D , η C , η are the efficiencies of discharge, charge, and the overall round-trip efficiency, respectively. P ijmin and P ijmax is the upper and lower active power limits of line ij, and P ij is the actual active power on line ij. N is the number of nodes which must be configured with the ESS and N set is the number of nodes which are nodes for the ESS pre-selection. V max and V min are the upper and lower voltage limits of every nodes, respectively and V j is the actual voltage magnitude at node j. SOC max and SOC min are the State-of-Charge (SOC) operating bounds to avoid the impact of over-charge and discharge on battery lifetime. SOC i is the SOC value of node i. P ESS,i,rate and P ESS,i are the rated power and output of ESS at node i, respectively. When the P ESS,i is positive, the ESS is discharging and vice versa.
A two-stage planning strategy is proposed in this paper, and the schematic diagram of overall calculation process is illustrated in Figure 2 . The first stage chooses the installation nodes and confirms the scheduling of ESS with the minimum installation capacity by utilizing GA combined with SA. The second stage optimizes the installation capacity of every installation nodes aiming at minimizing the LCC based on the output of the first stage. Figure 2 . Schematic diagram of the proposed two-stage optimal planning strategy.
The First-Stage Optimization
In this study, the overall optimization objective is to minimize the average annual cost of the ESS life cycle, on the premise that the ESS operates to stabilize voltage fluctuations. In the first stage, in order to effectively resolve the voltage fluctuations caused by the PV, the operation of ESSs are optimized with the objective of capital investment and line losses minimization, at time t. Then, the minimum installation capacity at the corresponding location is obtained. The installation sites are determined by the minimum installation capacity of the ESS at the pre-selected locations, including the critical load nodes, the end of the feeder, the DER busbars, and the primary substation, etc. The power output of individual storage at time t is considered as the rated power, and the capacity is calculated as the time over which the storage delivers full power, as in Equation (2), to meet the requirement of the ESS output at time t. The capital investment is the main concern at this stage, including the capital cost of the storage unit, the power conversion system (PCS), and the necessary supporting facilities. The cost of the storage unit and the cost of the necessary supporting facilities is proportional to the energy storage capacity and the cost of the power conversion equipment is proportional to the power rating of the system [17] . The cost of the ESS can be calculated as Equation (3). 
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where the capacity of ESS at node i is represented by E i and D is the maximum depth of discharging.
The µ C /µ D is the charging/discharging sign of the ESS, when the ESS is charging, µ C is 1 and µ D is 0, and when the ESS is discharging, µ C is 0 and µ D is 1. η PCS is the nominal efficiency of the power conversion system and η is the round-trip efficiency. ∆t is the duration of the charging/discharging. P ESS,i (t) is the real charging/discharging power of node i at time t, and Cost1 is the capital investment of ESS, C bat is the cost of the storage unit which can be calculated by Equation (4) . C E is the price of ESS capacity per kW·h. The second term C PCS is the cost of the power conversion equipment which can be calculated by Equation (5), and C P is the charging cost per kW. The last term C BOP is the cost of the necessary supporting facilities which can be calculated by Equation (6) , and C B is its cost per kW·h. Then Equation (3) can be rewritten as Equation (7).
The Optimization objective function of the GA combined with SA is presented as follows.
f 1 = min Cost1 + C loss + 0 i f voltage is within limits C pun i f the voltage is outside the limits (8) where C loss is the cost of line losses which can be calculated by the active power of the line loss multiplied by the average electricity price and C pun is the cost of punishment applied by the utility for unsolved voltage issues. The objective of the optimization is to minimize the ESS capital cost and line loss cost at this stage, so the fitness function of the GA can be represented by the reciprocal of the objective function as Equation (9) .
Fit1 = 1
Cost1 + C loss + 0 i f voltage is within limits C pun i f the voltage is outside the limits (9) Accumulating the charging/discharging energy of ESS through the output power P ESS,i (t) from time 0 to time t which is obtained by GA, the energy fluctuation E ESS,i (t) at time t of node i relative to the initial state of ESS at every installation nodes can be obtained [18] .
For charging
For discharging
where E ESS,i (t − 1) is the charging/discharging energy at time t − 1 of node i (E ESS,i (0) = 0). η C and η D are the charging efficiency and discharging efficiency, respectively. The charging and discharging efficiencies are estimated as the root of the round-trip efficiency.
According to the energy fluctuations in the whole sampling cycle (which was one day, in this study), the difference between the maximum and minimum energy can be calculated. Then considering the limitations of the SOC, the minimization of capacity that must meet the ESS output can be obtained [15] .
where E 0,i is the minimum capacity that must meet the ESSs' output. SOC max and SOC min are the minimum and maximum SOC limits of ESS. Ideally, the value of SOC max is 1 and SOC min is 0. To avoid the impact of over-charging/discharging during the battery lifetime, the short-cut process of SOC max and SOC min should be in the range of 0-1. max{E ESS,i (t)} and min{E ESS,i (t)}are the maximum and minimum energy fluctuation of the ESS in the whole sampling cycle, and max{E ESS,i (t)} − min{E ESS,i (t)} is the maximum range of the energy fluctuation.
The minimum installation capacity of the ESSs can be calculated by the charging and discharging power of each preferred node in the optimized period with Equations (10)- (12) . In this study, if the minimum installation capacity E 0,i of a preferred node was less than 10% of average capacity of each pre-selected nodes, the node was abandoned. The algorithm continued to optimize the capacity of the remaining preferred nodes, until the nodes and the capacities on the nodes met the requirement. Then the first-stage optimization was completed and the results were sent to the second stage.
The Second-Stage Optimization

Life-Cycle Cost Model
The expensive cost of the ESS is one of the biggest barriers impeding wide-area applications, at present, and this study proposed a comprehensive LCC model which considered various types of costs. The LCCs not only included the initial investment, but the operation and maintenance costs applied in the grid optimal planning, substation equipment maintenance, etc. [19] . Xue et al. considered the cost of the ESS with capital investment, replacement costs, operation and maintenance costs, and disposal cost [17] . Capital investment and replacement costs were the greatest proportion in the whole project cycle. Battery is one of the short-life equipment in the distribution system, frequent charging/discharging, and over charging/discharging can overwhelmingly reduce the lifetime and decrease the whole system economy. To reduce the replacement costs, expansion of the ESS capacity can be adopted, which can prolong the lifetime of the battery and reduce the replacement times. All of the costs considered in this study are presented as follows:
1. Capital investment The main components of the ESS include the storage unit, the PCS, and the necessary supporting facilities, so the capital cost can be expressed as:
where C sys is the capital cost of battery. E rate and P ESS,rate are the rated capacity and the power rating of the ESS, respectively, and the power rating is the maximum of the ESS charging/discharging power. Y is the project cycle (year) and σ is the discount rate (%). Apart from this, the other variables were same as shown in Equation (7). The rated power can be evaluated as the minimum value of the maximum power allowed by the whole battery pack (E r ·E rate ) and the maximum actual required charging/discharging power of ESS(P ESS,max ) [20] :
where Er is the energy rate of the ESS (kW/kW·h) and P ESS,max is the maximum actual required charging/discharging power of the ESS. Generally, the maximum charging/discharging power of Li-ion batteries is strictly related to their rated capacity, so the typical parameter Er is used to represent the ratio between their maximum power and the rated capacity, the value of Er is set as 1 [20] . In some cases, the maximum power allowed by the battery could exceed the maximum actual required charging/discharging power, therefore, the minimum value should be chosen to guarantee economy of the ESS.
Replacement cost
The actual project cycle is generally 5 to 20 years. Although the lifetime of the supporting facilities can meet the project cycle need, the lifetime of the ESS and the PCS cannot be used for 20 years, without replacement. Annual replacement cost in the project cycle is formulated as Equation (15).
where β is the average annual decline rate of the ESS capital cost and k is the replacement times of battery (round up, k = Y/n − 1), n is the average lifetime of the chosen ESS, ε is the times of replacement. The lifetime of the PCS was chosen as 10 years, in this study [21] . 3. Operation and maintenance cost Operation and maintenance cost of ESS consists of fixed and variable operation and maintenance costs. The fixed operation and maintenance costs(C FOM ) are composed of the labor cost and management cost, related to the types of ESS and the rated power. Then C FOM can be calculated as:
where C f is the operation and maintenance cost per kW. The variable operation and maintenance cost (C VOM ) was changed with the status of real operation status and external variation, including electricity cost, fuel cost, renewable energy subsidies, and CO 2 emission cost. In this study, only electricity cost was considered for simplicity. The annual average electricity cost (C c ), the duration of charging/discharging (∆t), and the number of operation days in a year (G) have an impact on the annual average electricity cost, which can be represented as:
4. Disposal cost When the battery reaches the end of their life, the battery modules should be removed from the system and decommissioned, so the disposal costs of the ESS (C dis ) should be taken into account. The cost should be calculated when the battery needs to be replaced. According to Reference [11] , there are mature methods for recovering and reusing some batteries like the lead-acid battery. However, the recovery of the Li-ion battery is still in its early stage. The main cost is due to the treatment of the materials constituting the ESS (hazardous and non-hazardous materials), so the disposal cost can be expressed as follows:
where C d is a specific disposal cost per kW of the battery. To sum up, the total cost of ESS in the whole project cycle is consisted of the capital costs, replacement costs, fixed/variable operation and maintenance cost, and disposal cost. It can be summarized as Cost 2:
The objective function aiming at minimizing the whole life-cycle cost of the ESS is expressed as
The fitness of the proposed GA should be the reciprocal of the objective function as in Equation (21).
Capacity Fading Model
At present, evaluating the lifetime of a battery is considered from the perspective of the degradation mechanisms, which cause the battery cell performance to deteriorate. When the degradation reaches a certain failure value, the end-of-life condition has been fulfilled. Conventionally, when the practical capacity of a battery has dropped to 80% of the battery's original capacity, it reaches the end-of-life condition. So, the number of cycles (length of use) of the ESS, when the capacity is reduced to 80% of its initial capacity, is defined as cycle life (calendar life). There are many factors that cause capacity degradation, including dissolution of cathode materials, phase change of cathode materials, decomposition of electrolyte, overcharging, self-discharging, interfacial film formation, and fluid-collecting corrosion, etc. [22] . The capacity degradation is mainly manifested by a decreased in-solution concentration and an increased internal resistance of the battery, and it is related to the charging and discharging power, depth of discharging, fluctuation of SOC, number of cycles, and the operation temperature [22] . Lam, and Bauer, conducted a large number of tests and proposed a practical capacity fading model for Li-ion battery cells that can be especially used for irregular discharging, based on the experimental results [23] . The rest value of the Li-ion battery can be determined by the state-of-health (SOH) in this model. When the battery is at the initial capacity, the SOH is 1. If the SOH becomes 0, the battery reaches the end-of-life condition. The capacity fading rate is inseparable from the average SOC (SOC avg ) and the SOC deviation (SOC dev ), the higher the SOC avg or SOC dev , the higher the capacity fading rate [23] . The SOC avg represents the average SOC over the cycle τ (equal 24 h, in this study), and the SOC dev represents the normalized deviation of the SOC from its mean, over a cycle period. According to the SOC, temperature, depth of discharging, fluctuation of SOC, and charging/discharging power, SOC avg and SOC dev can be calculated and the total capacity fading is a summation of the capacity fading that occurs under the experienced operating conditions, and can be calculated as:
where Γ is the total capacity fade, according to Reference [23] the parameter Ks1 was set as −4.092 × 10 −4 , Ks2 was set as −2.167, Ks3 was chosen as −1.408 × 10 −5 , and Ks4 was set as 6.130. Parameters ks1 to ks4 were obtained through curve-fitting in the MATLAB Surface Fitting Tool, after analyzing the SoC dev influence on the measured capacity fading rates with both SoC avg and SoC dev as variables. Equation (22) was obtained by combining the fitting-curve and the Arrhenius equation, which can analyze the temperature-dependence of the capacity fading rate. Ea is the activation energy which was 78.06 kmol/J and R is the gas constant which was 8.314 J/(mol * K). An event is represented by I, which was a certain period τ, in this study, and τ sum is the total number of events. Ah I represents the charging energy during event I. SOC avg,I and SOC dev,I are the average SOC and the SOC deviation, during event I. T re f is the reference temperature in the operation process and is normally set to 25 • C. T I is the temperature of ESS in event I which can be formulated as Equation (23), according to the approximate linear relationship between the charging/discharging power and the temperature of Li-ion battery cells [24] .
where R th is the empirical constant and P ESS (t) is the charging/discharging power of the ESS. The SOC of the ESS in time t is determined by the SOC of ESS in time t − 1, charging/discharging energy, and power attenuation per hour, in the sampling
For charging, the SOC in time t can be calculated as:
For discharging, the SOC in time t can be calculated as:
where δ is the self-discharging rate of the ESS and SOC (t − 1) is the SOC in time t − 1. The condition that the SOC always keeps in the constraints in the process of operation, must be considered, when calculating the initial value of SOC. According to Reference [15] , the initial value of the SOC is described as:
The SOC changed from 1 to 0, when the total capacity fade reached 20% of the initial capacity, as in Equation (22). So, the SOH of the battery can be estimated as:
The lifetime of the battery n in Equation (15) was calculated, based on the time τ sum in Equation (22) (round, n = τ sum /365), where τ sum is the operation time of the Li-ion battery, in days.
Sitting and Sizing Optimization
The GA is an iterative heuristics optimization method which can better solve the nonlinear problem with constraints. However, the basic GA has the disadvantage of dropping into the local optimal solution, easily called a GA premature convergence [25] . SA is a general probability algorithm which allows a wide exploration of the searching space. It can apply some random changes to a population member, for a specific number of rounds. These changes are accepted if they improve the fitness of the solution. However, crucially, if these do not improve the fitness, they are accepted with a probability which decreases in every round [26] . Then the algorithm takes the current solution away from the local optimal solution. The global optimal solution can, thereby, be found. In order to solve the GA premature convergence issue, this study supplemented the GA with SA. For the proposed SA, the probability which decreases every round when the changes reduce the fitness can be calculated according to Equation (28) [27] .
where, P is the accepted probability of a new population member that has a reduced fitness, after applying the annealing operation. Where, Fit is the fitness of the old population member, before the annealing operation, then the fitness of the new population member, after the annealing operation, is presented as Fitnew. α is the annealing coefficient and m is the number of annealing. T is the initial temperature of annealing. The steps of GA combining with SA are presented as follows:
•
Step 1: Randomly generate the initial population by binary encoding.
•
Step 2: Calculate the objective function value of each population member.
Step 3: Calculate and select the individuals with larger fitness from the population and constitute a new population.
Step 4: Perform the annealing operations, according the probability represented in Equation (28).
Step 5: On the basis of the population from step 3, get the new population by mating and the crossover routine.
Step 6: Finally, if the final generation is reached or the convergence criteria is met, output the optimization results. Otherwise, return to step2.
This paper presents a two-stages ESS optimal planning approach, the first stage is to optimize the installation site, the optimization variables are the location and power output of each ESS, and Equation (9) is the optimization objective. The installation site, charging and discharging strategy, and the minimum installation capacity which can satisfy the scheduling of the ESSs, can be solved by using GA combined with SA. The specific process of the first stage is presented in Figure 3 . In this stage, each of the four genes represents an energy-storage location, and the four gene bits encodes the ESS output power at this location, in binary. According to the results of the first-stage optimization, the second stage puts the rated capacity of each ESS as the optimization variables, which takes the minimum installation capacity E 0,i of the first stage, as the lower limit of the capacity variable and Equation (21) as the optimization objective. Each ESS operates according to the prescribed charging and discharging strategy of the first stage, then the power rating can be confirmed by the Equation (14) and each SOC values, at all times, can be calculated using Equations (24)- (26) . The lifetimes of the Li-ion batteries are determined through the practical capacity fading model, considering multiple types of costs. The rated capacity with the LCC minimization of each ESS is determined by utilizing the GA combined with the SA strategy. The specific process of this stage is presented as Figure 4 . In this stage, each of the four genes represents an energy-storage location, and the four genes encodes the energy storage capacity at this location, in binary.
In order to maintain the energy balance of the ESS, the SOC at the end of a day must be equal to the initial SOC. So, the charging/discharging power of the ESS must be further optimized to ensure that the above condition can be satisfied. In this study, the polling trapezoidal correction method is adopted to correct the output of the ESS. The method sums up the ESS output energy for one day, and the result is assessed as E SUM . If E SUM > 0, then the discharging energy is greater than the charging energy of a day. So, the sampling point of which output is less than or equal to zero from top to bottom, in a time sequence, is searched for, then the sampling point with a fixed step-length is modified. After a sampling point is modified, whether the voltage constraint is fulfilled by the power-flow calculation is checked for. The modification is adopted when the constraint is met. If the value of the E SUM is still more than zero, then the next point is revised. If all sampling points in the cycle are corrected but the requirement is not met, the points should be revised in the same way from top to bottom, again, in the next cycle, until the requirement is satisfied. If E SUM < 0, that means the charging energy is greater than the discharging energy of a day. So, the sampling point of which output is more than or equal to zero, from the top to bottom, in the time sequence, is searched for, and then modified by the sampling point with a fixed step-length.
In addition, for the sake of improving the searching efficiency, the individuals with the highest fitness of each generation are directly put into the next generation population, to accelerate the convergence of the algorithm to retain the elite populations of the GA. 
Case Studies
Profiles
In this section, the proposed method is implemented to the planning of the ESS, in a low-voltage distribution system, as shown in Figure 5 . The parameters of the low-voltage case study distribution system are shown in the Table A1 of Appendix A. There were sixty-one nodes, in this case study network, and the base voltage was 10 kV, with the tight upper and lower limits of the voltage magnitude being 1.03 p.u. and 0.97 p.u., respectively. The node 451 was the slack bus and the node 150 was the standby node in the network. In this region, the time-of-use pricing mechanism was adopted. The electricity prices and time periods were: 0.976 ¥/(kW·h) from 08:00 to 21:00 (peak hours), 0.294 ¥/(kW·h) from 00:00 to 07:00, and 22:00 to 24:00 (off-peak hours). The sampling period was 1 h. The daily profiles of the loads and the output of PV are shown in Figure 6 .
Appl. Sci. 2018, 8, x FOR PEER REVIEW 14 of 23
In addition, for the sake of improving the searching efficiency, the individuals with the highest fitness of each generation are directly put into the next generation population, to accelerate the convergence of the algorithm to retain the elite populations of the GA.
Case Studies
Profiles
In this section, the proposed method is implemented to the planning of the ESS, in a low-voltage distribution system, as shown in Figure 5 . The parameters of the low-voltage case study distribution system are shown in the Table A1 of Appendix A. There were sixty-one nodes, in this case study network, and the base voltage was 10 kV, with the tight upper and lower limits of the voltage magnitude being 1.03 p.u. and 0.97 p.u., respectively. The node 451 was the slack bus and the node 150 was the standby node in the network. In this region, the time-of-use pricing mechanism was adopted. The electricity prices and time periods were: 0.976 ¥/(kW·h) from 08:00 to 21:00 (peak hours), 0.294 ¥/(kW·h) from 00:00 to 07:00, and 22:00 to 24:00 (off-peak hours). The sampling period was 1 h. The daily profiles of the loads and the output of PV are shown in Figure 6 . The Li-ion battery was selected as the ESS, in this study. The upper and lower limits of the SOC were 90% and 10%, respectively, and the overall round-trip efficiency of the ESS was set to 95%. The efficiency of the power conversion system η PCS was 95% [21] . According to Reference [17] , the project life cycle was 20 years, without considering the annual average decline rate of the battery-installation cost. For this study, the cost of unit energy was 3224 ¥/kW·h, the cost of unit power was 1085 ¥/kW, and the operation and maintenance cost was 155 ¥/kW·year. The specific disposal cost of the battery was 1582 ¥/kW [11] and the cost for the necessary supporting facilities was ignored, in this study, due to the use of the Li-ion battery, which did not require complicated supporting facilities. In addition, the discount rate was set as 10%. The Li-ion battery was selected as the ESS, in this study. The upper and lower limits of the SOC were 90% and 10%, respectively, and the overall round-trip efficiency of the ESS was set to 95%. The efficiency of the power conversion system ηPCS was 95% [21] . According to Reference [17] , the project life cycle was 20 years, without considering the annual average decline rate of the battery-installation cost. For this study, the cost of unit energy was 3224 ¥/kW·h, the cost of unit power was 1085 ¥/kW, and the operation and maintenance cost was 155 ¥/kW·year. The specific disposal cost of the battery was 1582 ¥/kW [11] and the cost for the necessary supporting facilities was ignored, in this study, due to the use of the Li-ion battery, which did not require complicated supporting facilities. In addition, the discount rate was set as 10%.
Case Study Results
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The ESS pre-selected candidate configuration nodes in the low-voltage distribution system are presented in Figure 5 , and the parameters of the GA and the SA are shown in Table 1 . ESS configuration locations and corresponding minimum configuration capacities, in the first-stage optimization, are shown in Figure 7 . The output power of the ESS and voltage variation of each typical nodes are separately presented in Figures 8 and 9 . As shown in Figure 7 , three installation nodes were selected from eight pre-selected nodes, and the installation capacity of node 3 was 3,712kW·h, the installation capacity of node 81 was 3,206kW·h, the installation capacity of node 84 was 1,519kW·h, after the first-stage optimization. According to the results shown in Figures 8 and 9 , the scheduling of the ESS, after the first-stage optimization, could effectively solve the voltage issues with a minimum power output of the ESS. In this condition, when the PV output was large, during the day, the voltage magnitudes of some nodes which was close to the PV, exceed the upper limit. So, the ESS operated to absorb energy from the network to pull the voltage level back to the safety limit. When the loads increased during night, the voltage of some nodes that were close to demand would have exceeded the lower limit. So, the ESS operated to emit energy to the network, as sources to keep the voltage level in the safety limit. In addition, the output power of the adjacent battery 2, three were operated, coordinately, to stabilize voltage fluctuations caused by load 2 and PV2, with the consideration of the charging/discharging energy balance of a day. In order to improve the ESS utilization and the system economy, battery 2 and 3 could be combined as battery 2' and battery 0 was presented as battery 0', with same output as battery 0. The first-stage optimization was repeated to determine the optimal power and capacity, with the updated installation sites. As in Figure 10 , the results showed that the optimized capacity after the merging of the adjacent batteries was obviously reduced and Figure 11 showed the output power of the ESS, after merging.
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where COE is the cost per kW·h of ESS. In Figure 12 , battery 0" and battery 2" are used to represent the battery 0' and battery 2', after the second-stage optimization. The costs of the ESSs were effectively reduced after the second-stage optimization. The fixed and variable operation and maintenance costs which were related to the operating power, did not change after the second-stage optimization. Before the second-stage optimization, the replacement costs for battery 0' and battery 2' were 45.9% and 67.3% of the overall ESS cost, respectively, while the capital investments were 28.7% and 18%, respectively. After the second-stage optimization, the largest share of the overall ESS cost became the capital investment which were 55.6% and 62.5%, for battery 0" and battery 2", respectively. The proportion of the replacement cost and the disposal cost were greatly reduced to 12.6% and 14% of the overall cost of battery 0" and battery 2". Due to the decrease of the replacement times, the proportion of disposal costs of battery 0' and battery 2' changed from 4.5% to 0.9% and 5.1% to 0.7%, separately.
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Conclusions
The randomness and variability of the DERs bring a stochastic nature to the distribution grid operation. In order to solve voltage fluctuations while decreasing the LCCs of the ESSs at the same time, a two-stage optimal sitting and sizing method was proposed for the distribution networks. The first stage optimized the installation site and the scheduling of the ESS, and the second stage made further economic optimization for capacity, by prolonging the ESSs' lifetime. The proposed method could be applied in low-voltage distribution systems with a high penetration of the DERs, and the simulation results demonstrated the feasibility and effectiveness of the proposed planning method. The work of this study can be summarized as follows. The results indicated that the proposed planning method in the distribution networks could optimize the ESS installation site and capacity, and improve the economic efficiency of the ESS by increasing the energy storage capacity, extending its service life, and reducing the annual cost in the condition of ensuring the safe operation of the system.
The randomness and variability of the DERs bring a stochastic nature to the distribution grid operation. In order to solve voltage fluctuations while decreasing the LCCs of the ESSs at the same time, a two-stage optimal sitting and sizing method was proposed for the distribution networks. The first stage optimized the installation site and the scheduling of the ESS, and the second stage made further economic optimization for capacity, by prolonging the ESSs' lifetime. The proposed method could be applied in low-voltage distribution systems with a high penetration of the DERs, and the simulation results demonstrated the feasibility and effectiveness of the proposed planning method. The work of this study can be summarized as follows.
(1) The intermittence of renewables integrated in the distribution grid led to the risk of voltage fluctuations, which could be effectively solved by a suitable ESS configuration in low-voltage distribution networks. (2) A two-stage optimization model was built to optimize the installation site and the capacity of the ESS, which consider the coupling effects between the sizing and sitting of the ESS and the optimal operation of the system, in the first stage, and consider the LCC of the ESS in the second stage. Through the two-stage optimization, the overall cost of the ESS in the project cycle could be effectively reduced. It is worth noting that the second-stage optimization reduces costs by extending the ESSs' service life, the life-cycle cost is, therefore, reduced due to the significant deduction of the replacement and the disposal cost.
(3) The two-stage solution method reduced the computation scale and the difficulty of optimization, with a higher computation efficiency. (4) The effectiveness of this method was verified by the case study. The results showed that the costs per kW·h of battery 0 and battery 2 had reduced by 32.4% and 58.3%, respectively, after the second-stage optimization. The voltage profiles were regulated within the pre-defined limits, the economy of the ESS was greatly improved through the optimization. (5) The optimization method used in this study was mainly verified for low-voltage AC distribution networks, and could be extended to the AC/DC hybrid distribution grids, in the near future. (6) The revenue in a competitive market environment, with various types of participants, could also be considered into the ESS planning, to maximize the benefits of the storage and the entire distribution grids.
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Nomenclature
Ah I the charging energy during event I. P S the active power of main grid the cost of storage unit P ij the actual active power on line ij C E the price of capacity per kW·h P ESS,i,rate the rated power of ESS at node i C PCS the cost of the PCS P ESS,i The output power of ESS at node i C P the charging cost at per kW of C PCS P ESS,i (t) the real charging/discharging power of node i at time t C BOP the cost of the necessary supporting facilities P ESS,rate the power rating of ESS C B the cost per kW·h of the necessary supporting facilities R the gas constant
